Theory in the microbial world
The microbial world is vast and important domain of apparently AQ1 unfathomable complexity. The latest swathe of sequencing technology (Sogin et al. 2006; Huber et al. 2007 ) has confirmed what many had already predicted: there is an awful lot of different kinds of bacteria in the world. The number is unknown even in ostensibly well-studied environments and this is preventing us from understanding one of the most important and remarkable things about the microbial world: the way in which communities form and reform, and change.
For all our molecular sophistication, our analysis and understanding of the diversity and community assembly is still very primitive. Microbial ecology is perhaps in a situation analogous to that of general ecology before McArthur's first contributions; a situation described by Cody and Diamond (1973) who wrote:
in the 1950s, ecology was still mainly descriptive. It consisted of qualitative, situationbound statements that had low predictive value, plus empirical facts that often seem to defy generalization (Cody & Diamond 1975) What McArthur brought was theory, and theory is what microbial ecologists need now. Parameterized mathematical descriptions of community assembly will help us to make coherent quantitative predictions about the microbial world. These predictions can guide the exploration and manipulation of this domain.
In the search for theory, theoretical microbial ecologists have naturally looked to classical ecology for insight and inspiration (Horner-Devine et al. 2007; Prosser et al. 2007 ). This may be unwise. For much contemporary theoretical ecology is not really up to the job of predicting characteristics of the microbial world or indeed the non-microbial world. The literature tends to offer mechanistic explanations for a world that can be readily observed. Model parameter are frequently 'invented', perhaps selected at random (Mouquet & Loreau 2003; Tilman 2004) , or specifically chosen using special searching algorithms (Huisman & Weissing 1999) to give a particular answer. Such models may have a role in exploring the mechanisms underlying the formation of the world that is readily perceived. If a model with randomly selected parameters can give a plausible representation of the real world, the mechanisms in the model may be considered, if not proven, plausible.
In microbial ecology such an approach is at best risky and at worst dangerous. For we are not sure what the microbial world looks like , the microbial parameter space is probably not random. Moreover, the ability of a model of a particular mechanism to reproduce a pattern observed in nature does not prove that that mechanism is at work. We are consequently poorly placed to spot models which are completely wrong and we could be profoundly deceived by un-calibrated models.
Our criticism of the application of theory in the microbial world is in many ways a mere subset of the more authoritative critique of ecology in general offered by Peters (1991) nearly two decades ago. This monograph cautions that the pervasive nebulosity of much ecology threatens the link between the discipline and reality. He warned that the weakness of the link threatened the status of ecology as a science in general and an applicable science in particular. Science must be built on hypothesis testing. Ideas which cannot be rigorously and quantitatively tied to a reality are difficult to test and difficult to put into practice. Peters had a point and his critique has all too sadly stood the test of time. His remedy was predictive ecology, for prediction would permit ideas to be tested and policy to be evaluated. But the Achilles heel of the monograph is that prediction was equated with patterns and correlations. This is an approach that has limitations.
Patterns are perilous
The conceptual basis of a theory is also extremely important. In particular, it is essential to distinguish between mechanisms and patterns or correlations. For example, the sincere but misguided belief that taxa-area curves are one of the few cast iron rules in ecology (Pounds & Puschendorf 2004 ) is misleading. Taxaarea curves are patterns and patterns are a function of some underlying mechanism that may be contingent on scale, time or some other variable. The provisional nature of species-area curves can be seen most clearly in the microbial ecology literature. It can be observed easily (Bell et al. 2005) or with difficulty (Horner-Devine et al. 2004) or not at all (Baptista et al. 2008 ) depending on the nature of the system and the method used . In one of the better known papers (Horner-Devine et al. 2004) , the proportion of the variation explained by random variation (about 87%) appears to vastly exceed the proportion explained by distance or area (about 13%).
Patterns are important because they can provide clues to the rules or mechanisms underlying the world around us. If at all possible, we should use these rules and mechanisms to predict. This is not a new insight. MacArthur who in drawing attention to the limitations of curve fitting commented 'A far more fruitful approach seems to be . . . to predict on the basis of simple biological hypotheses' (MacArthur 1957). That was good advice then and it is good advice now.
What makes a good theory? Wilson (1998) has argued that theory should be evaluated on the basis of its parsimony, generality, consilience and predictiveness. Consilience is often overlooked; it means being related to the rest of knowledge. At the broadest scales, one would like to be able to relate ecology to thermodynamics or geology. In a more narrow sense, one would like theories that dealt with community assembly to link to theories about resource use and for all theoretical ecology to be grounded in evolution. We are still far from this ideal. The most important single test is predictiveness. For a model to be predictive it must be calibrated. Trying to calibrate models makes one value parsimony (of course in an ideal and consilient model one might be able to predict some parameters from first principles). Parameters calibrated independently are superior to those which are co-determined by fitting, for example. It is worthwhile noting that a model is not predictive if it merely describes the data used to calibrate it.
Back to basics
Clearly, predictive mechanistic models are a challenge. However, to be a success, a model need not predict or explain perfectly. MacArthur and Wilson (1967) suggested that 'if a theory can explain 70% of the observed phenomena it will have served its purpose well'. Thus if one commences with the simplest possible explanation, further complexities are required to master the last 30% not to re-explain the first 70%. This may sound modest, but actually MacArthur and Wilson have set the bar rather high; recent studies in microbial ecology have succeeded in explaining less than 13% of the observed variation (HornerDevine et al. 2004 , Ramette & Tiedje 2007 .
Stochastic models
Thus, in looking for theories to describe the microbial world, we need to find theories that are based on real biological rules (i.e. not merely patterns), are sufficiently simple to be parameterized and one at least plausibly testable. From this perspective, a niche-based perspective looks problematic. There is simply no hope of parameterizing a niche-based model at least in the short term. For example, imagine using the stochastic niche approach of Tilman (2004) ; even if there were only two resources of consequence and a mere 100 species, we would require 400 parameters just to describe the system at a fixed temperature and pH (Tilman 2004) . The coding of such a model would be a trivial exercise in comparison to its calibration. Consequently, the central intellectual challenge of a niche-based approach is to find some simple way to determine or predict such properties in a realistic manner or to decide which of the several tens of taxa are worth characterizing. Unless and until this can be done the validity of the perspective in the microbial world is moot.
Perhaps, the simplest possible models are those that simply invoke births, (i.e. growth), deaths and immigration to explain patterns in microbial communities. Such simple models are called neutral (neutral community models -NCM) by analogy with neutral models in population biology as they assume equivalence within a functional group (Bell 2001; Hubbell 2001) . This notion and perhaps the self-confident tone of Hubbell's excellent monograph has meant that such models have been greeted with suspicion. But the term neutral is really a misnomer for they are birth, death and immigration models. Since most communities are subject to birth, death and immigration, the question is: Can I determine the parameters in such a model and if so what part of the real world can I explain and predict on this basis? The corollary being, if you cannot determine these simple parameters and establish this baseline what hope have you got with a more complex model?
Neutral models have their intellectual roots in statistical mechanics. Though not the first attempt to take such an approach to ecology (Maynard-Smith 1974; Caswell 1976) , the current suite of neutral theory is undoubtedly the most encompassing (Alonso et al. 2006) . Moreover the advantages of such an approach were noted decades ago by Maynard-Smith (1974) who commented that Lotka Volterra 'cannot claim to have as close correspondence with reality as Newton's Laws or as Mendel's Laws'. By contrast, births, deaths and immigration are a fundamental reality.
Applying neutral community models in the microbial world
The original formulations of Hubbell and Bell conceived of a local community of N T individuals in which a death is replaced from a source community of diversity θ with a probability m (and thus from the local community with a probability m − 1).
Typically, such models have been assessed by comparison with species abundance curves once the parameters for migration and the source community (m and θ) have been fitted with greater (Etienne & Alonso 2005) or lesser rigour.
Unfortunately, there is no species abundance curve, for any microbial community anywhere and such distributions are, at best, a distant prospect. One consequence of this lacuna in our knowledge is that there is no agreement, even to within a couple of orders of magnitude of the source or local diversity of most microbial communities. In short, we have little or no idea of the value of θ . Moreover, the fitted θ affects the fitted migration parameter m. Therefore the two parameters should ideally be estimated independently, otherwise any uncertainty about the former will cause uncertainty about the latter.
A further and important consideration for a microbial ecologist's simple birth-death model is that the original formulations of Bell and Hubbell were mathematically unsuitable for microbial studies. The discrete formulations are computationally intractable with all but the most modestly sized communities. It is therefore necessary to use a continuous form of the model.
A number of continuous forms of NCM are available Volkov et al. 2003; McKane et al. 2004 ) but the simplest is that of Sloan Sloan et al. 2007 ). The conceptual basis of the model is identical to that of Hubbell and is predicated on the conception that, over a very small period of time, the number of individuals in a community can either: increase by one organism, decrease by one organism or not change. The probability of each of these possibilities can be expressed in terms of N T , m and the proportional abundance of the species in the source community (p i ). Based on these probabilities, it is possible to derive an equation that describes the rate of change of the probability that the species will have a particular relative abundance, x i . The steady-state solution of the equation gives an expression for the probability density function for the relative abundance of i th species, x i is beta distributed, AQ2
This relatively simple formulation describes the probability distribution of a single taxon of mean proportional abundance p i in the source community that avoids, at this stage, using the fundamental biodiversity number θ.
To employ this equation, we need to determine the parameters. Fortunately, p i and N T are measurable. N T m can be inferred and in certain colonial organisms, m can be directly measured Baptista et al. 2008 ). N T m, which is almost exactly the same thing as 'the universal immigration parameter' of the more complex literature (Etienne & Alonso 2005) , profoundly affects the probability distribution of a given taxon ( Fig. 5.1 ).
An obvious qualitative prediction of NCM is that the abundance and frequency of observation are linked: i.e. an organism that is abundant at a given site should be frequently observed at high abundances. This is also an empirical observation that predates the species-area curve by a good margin, having first appeared in the Origin of Species. Stochastic explanations for frequency abundance patterns are simple Sloan et al. 2007) and relate the precise nature of the distribution to N T m (dispersal limitation is indicated by values of m < 1) ( Fig. 5.2) . Niche-based explanations of this phenomena are tortuous and waffly (Brown 2000) .
Given that we now have a value AQ3 for N T , m and m scales, we can estimate the size of the source community that would be required for the model to reproduce the patterns seen in the real world. The term θ is used to represent this source diversity. Hubbell, but not Bell (Bell 2001) , ascribes the source term with a particular biological meaning and mathematical structure that may or may not reflect the reality (Sloan et al. 2007 ).
It appears that θ has to vary a great deal to accommodate the patterns we observe. For example, ammonia-oxidizing bacteria in activated sludge plants are typically represented by a handful of species in a geometric series. This implies a very low value of theta (~2) and correspondingly low source diversity. The ) predict the effect of immigration and the number of individuals on the distribution, and thus abundance and frequency of observation of a particular taxon. For a given mean source community abundance, the frequency with which an organism is observed is related to N T m, the total number of individuals multiplied by the immigration parameter (also 'the universal immigration number' (Etienne & Alonso 2005) . At high N T m values, the local distribution is tightly clustered around the mean metacommunity distribution (in this case 0.1). As the N T m values drop, the distribution widens and eventually the mode of the curve falls below the detection limit and the organism is typically no longer observed. 
The biology is in the parameters
If biologists can conceptualize the biology implicit in the parameters of NCM and thus how change in the environment will lead to changes in the community, it might help them accept that neutral models are more than mathematical trickery. N T is simple enough being the number of individuals in a community, though determining the number of individuals in a functional group can be surprisingly tricky and we are not always sure what constitutes a microbial community. The migration parameter is the probability that a death is replaced by an immigrant (as opposed to a birth) and thus the ratio of immigration and local growth. It is consequently a function of the rate of arrival of new cells, a physical phenomenon, and the rate of growth of new cells, a function of biology and local environmental conditions. At a large scale one might imagine that m is geographically variable, for as one gets nearer the poles, the lower growth rates would increase the importance of migration and lead to higher diversities. There is evidence that microbial diversity at high latitudes is surprisingly high (Neufeld & Mohn 2005) . It follows that the notion of a universal immigration parameter (N T m) (Etienne & Alonso 2005 ) is perhaps unhelpful.
Evolution as the master variable
What about θ? The size of the source community is, in essence, a measure of the net rate of evolution for a given functional group. It is the most interesting, and perhaps the most important, parameter of all. A sensitivity analysis, albeit a simple one, suggests that the diversity of the source community, not immigration, dictates local community diversity (Fig. 5.5 ). This parameter represents some global or local pool of diversity for a given functional group. The size of these pools is one of the more problematic unknowns in modern microbial ecology (Curtis & Sloan 2005) . The doubt about the extent of microbial diversity has its roots in the scale of the microbial world and the inadequacy of even the most sophisticated molecular methods to adequately sample it (Curtis et al. 2002; Curtis et al. 2006 ). The modelling above can shed some light on this conundrum and on the nature of θ. There is a great deal of data on the diversity found in relatively small samples of different functional groups. If local diversity is dictated by source diversity, then the huge variation in local diversity observed in the samples very probably reflects a very wide variation in the diversity in the source community. Hubbell assumed a point mutation process and formally defined θ as 2 J m v where J m is all the individuals in the metacommunity and v the rate of speciation (Hubbell 2001) . Though not necessarily an accurate, or even inaccurate, description of evolution in bacteria, this relationship highlights a simple fact, the diversity of a given bacterial group will be some function of the number of individuals and time. In short, evolution is the master variable in microbial community assembly. Thus, even the most practically minded microbial ecologist or practitioner may find a remarkably direct link between evolution and the challenges and phenomena they face on a daily basis.
Thus, our recent estimates of θ suggest that there may be over 10 6 species in the metacommunity of a humble sewage works. This is of course just one community and we recently used a metaanalysis of ribosomal databases to make a 'back of the envelope calculation' of a plausible upper-estimate of the total number of taxa distinguishable at the level of 97% 16S rRNA sequence identity, to be about 10 10 . Although this is supposed to be a silly upper estimate, the microbial world has had about 3.5 billion years to generate this diversity. By assuming an exponentially increasing number of species, we can see that after 3.5 billion years 10 10 species would generate just 65 extra species per year (Fig. 5.6 ) and the mean net rate of speciation would be just 3 × 10 − 9 species per year. 1.5E-16 1.5E-15 1.5E-14 1.5E-13 1.5E-12 1.5E-11 1.5E-10 1.5E-09 1.5E-08 Migration Figure 5 .5 A sensitivity analysis of the affect of the source diversity and the immigration parameter in a community of 10 16 individuals using the neutral community model of AQ4 Sloan et al. (1997) . The immigration parameter varies over 10 orders of magnitude and the source diversity by 6 orders of magnitude. Clearly, the latter has a greater effect on the local diversity predicted by the model.
D I V E R S I T Y A N D E V O L U T I O N I N T H E M I C R O B I A L W O R L D

Now 10
10 is supposed to be a silly number. It seems likely that many very important and relatively abundant functional groups could well have global metacommunity diversities in the hundreds or thousands. Moreover, some of these functional groups, such as the methanogens are thought to have been around for a very long time indeed. In this context, it becomes apparent that the diversity, and thus rate of diversification, of the microbial world seems, at least superficially, improbably small and certainly incredibly variable. Unfortunately, systematic comparisons of diversity between functional groups are not straightforward, as differences and similarities are confounded by methodological and environmental considerations. We can, however, use the plethora of studies on one class of environment, biological wastewater treatment systems, to give us some idea about the relative diversity using the ratio of the number of individuals to the most abundant taxon as a guide. This is a crude (Curtis et al. 2002) , but not unworthy (May 1974) , indicator of diversity. Such poorly constrained surveys of the diversity of these functional groups should be taken 'with a pinch of salt'. However, the rank order of diversity probably reflects the opinion of most contemporary microbiologists (Table 5 .1).
The non-paradox of the nitrifiers
Why then is there so much variation in diversity between functional groups? At first glance it is obvious. The heterotrophs are diverse because they can metabolize a wide range of substrates giving a much larger 'ecological space' into which they can evolve. However, this is not a wholly satisfactory explanation. For example, the electron acceptor (i.e. the chemical reduced by the electrons extracted from an electron donor) appears to have something to do with diversity as well. The sulphate-reducing bacteria appear to be a good deal less diverse than the denitrifying heterotrophs (nitrate reducers) ( Moreover, why should simple resource requirements mean low diversity in the world of one set of microbial autotrophs, when it does not for others? There are many species of photoautotrophs, but not so many autotrophic ammonia oxidisers, even with the newly discovered ammonia oxidisers in the Archaea (Francis et al. 2005 ). Resource complexity is not an adequate indicator of diversity. How can we have the paradox of the plankton and the non-paradox of the nitrifiers?
Ultimately, different numbers of species in functional groups imply different net amounts of speciation in each group. This implies that evolution has to occur either over different time periods or at different rates. At least superficially, time does not appear to be a problem. The methanogens have been around for an awfully long time and yet do not seem to be very diverse. This implies that evolution must be occurring at different rates in different functional groups. Something we hypothesize, that is somehow related to the free energy available from the compounds they use for energy generation.
Free energy and the rate of evolution
One of the most remarkable things about the microbial world is the wide range of energy sources available to microorganisms. Different functional groups use different resources that have different free energies. It is striking that the rank order of diversities is similar to the rank order of the estimated free energies (Table 5 .1). It is instructive to compare the methanogens. The low energy (ÁG 0 r À 3:87 kJ=e Àeq ) acetoclastic methanogens are much less diverse (though 
often more abundant) than the hydrogenotrophic methanogens which have more energy available to them (ÁG 0 r À21 kJ=e Àeq ). Of course one must be careful to distinguish between standard conditions and conditions in nature (Finke et al. 2003 (Finke et al. , 2007 and be alive to the possibilities that these differences in free energy may be less extreme or even reversed in real life. The relationship between energy and rates of evolution in larger organisms has figured prominently in the ecological literature. The work in this area has been reviewed and clarified by Gaston and colleagues (Evans & Gaston 2005; Clarke & Gaston 2006) . This literature typically evaluates the diversity in terms of the energy impinging on the ecosystem. These theories may very well apply to, or at least be testable in, microbial communities. Moreover because more energy often means more individuals, at least some aspects of work on energy are implicit in neutral models and other established models in microbial ecology (Coskuner et al. 2005) .
These established models are based on growth yield: the efficiency with which matter is transformed into individuals. Microbial physiologists and environmental engineers (McCarty 1971; Rittmann & McCarty 2001; McCarty 2007) have a good grasp of how and why yield varies between functional groups. Yield is related to the amount of energy released by a particular method of energy production and the amount of energy required to convert a particular source of carbon into biomass. In essence, each molar equivalent of electrons released by an electron donor must be divided between those used for synthesis (f s ) and those transferred to the electron donor to create energy (f e ). The true yield is the fraction f s translated into mass units.
It is possible to roughly calculate the maximum true yield for a given functional group by calculating A, the number of equivalents of donor electrons used in energy generation for each equivalent devoted to cell synthesis. Since the total equivalents required to generate a cell must be 1 + A:
Thus, if ΔG r units of energy are released by an equivalent of electron donor and ΔG s units of energy are required to make an equivalent of cells, and ε represents the efficiency with which energy is converted from one form to another to maintain an energy balance, then: AQ5
Rearranging:
Clearly, the smaller the amount of energy in an equivalent of electrons in the electron donor, the greater the value of A and the lower the yield. However, the metabolism of the cell also impinges on ΔG s , the energy needed for an equivalent of cells. ΔG s is made of two parts: (i) the amount of energy needed to transform the source of carbon to some cellular carbon pool, ΔG p , and (ii) the amount required to transform the pool into cellular carbon ΔG pc .
The efficiency with which energy is gained or lost is represented by ε. The term n is 1 if energy is released and −1 if it is consumed. The energy is consumed to fix carbon dioxide to pyruvate and released when a heterotrophic substrate is transformed into pyruvate. On this basis, and by assuming that the cells are relatively (60%) efficient machines, maximum theoretical yields can be estimated with some success. In real life, yield may be lower than calculated if energy is diverted away from reproduction due to environmental or other considerations. There is no a priori lower limit on yield though the organism must be able to reproduce itself faster than it dies. Thus, lower yields may lead to fewer births and thus lower rates of mutation and evolution. However, this is not a cast iron or wholly satisfactory explanation. Sometimes organisms with lower yields are more abundant than organisms with higher yields. For example, the acetoclastic methanogens sometimes appear to be more abundant but less diverse than their hydrogenotrophic counterparts. It is possible that the evolution of a functional group is somehow constrained by yield or energy. There could be more to this than yield. Evolution ultimately derives from random mutations in the genome. There is evidence that metabolism can affect mutation rates (Gillooly et al. 2005) but the theory expressly excludes diverse bacterial functional groups. Nevertheless, the idea of a link between the energy or yield and mutation rates is an attractive one. All things being equal, one might suppose that the greater the capacity of a given functional group to carry mutations, the greater its capacity to evolve (assuming a varying environment).
Population geneticists believe that there is an upper limit to the number of mutations that an organism can bear. If this limit was a function of the free energy or yield, it might create a link between the thermodynamics of a particular functional group and its capacity to evolve. There is certainly a link between mutations and fitness, a link which is well established and plays a central role in contemporary theories about the evolution of sex (Kondrashov 1988; Gillespie 2004) . The fitness of Escherichia coli and Salmonella typhimurium declines as the number of mutations increases (Kibota & Lynch 1996; Elena & Lenski 1997) . The literature has tended to emphasize the ability of sexual reproduction to alleviate this burden and rather tended to overlook the implications for microbial evolution. However, Maisnier-Patin (Maisnier-Patin et al. 2005) mentioned that the fitness reduction could have important ecological impacts.
There must be some lower limit of fitness below which the burden of mutation becomes intolerable and the rate of reproduction falls below the rate of death and that organism disappears. Of course the data we have is on the accessible but ecologically inconsequential 'laboratory freaks' E. coli and S. typhimurium where losses of fitness of 30% are relatively easily observed. We can attempt to interpret this finding for other organisms by considering how the loss of fitness might occur and what implications that might have for an organism.
Fitness is reflected in growth rate (Maisnier-Patin et al. 2005) . There is evidence that, to a first approximation, growth rate is a function of the energy available for transfer, the energy required for synthesis and the efficiency of these two processes (McCarty 1971) . It seems likely that deleterious mutations would decrease the efficiency of the cell. We therefore use the simple energeticsbased model described above to show how a decline in efficiency would affect the fraction of energy left for growth, and thus the yield, in different functional groups all using acetate as an electron donor (Fig. 5.7 ). There will be some threshold below which the efficiency of an organism is too low for it to survive in that environment. It seems likely that a deleterious mutation in a lower energy group will bring an organism closer to such a threshold than in a higher energy organism. The demands of the environment, especially extreme environments, might exacerbate this finding. Thus, those organisms with the least energy and the greatest demands on the energy they have will be the worst placed to carry deleterious mutations and thus the slowest to evolve. .7 An exploration of the proportion of electrons available for synthesis once the energetic needs of the cell are satisfied. This fraction is a function of the metabolism and efficiency of the cell. There is, we hypothesize, some lower limit on this efficiency below which the cell cannot survive. Mutations are thought to decrease the efficiency of the cell and thus bring it closer to this limit. Consequently, we reason that cells with less energy available for synthesis will be able to bear fewer mutations and thus be intrinsically less able to evolve.
Unfortunately, most studies of mutation in bacteria are undertaken on tractable organisms and certainly not over the wide range of functional groups that this hypothesis addresses. However, the little we do know is supportive of this suggestion. The extremophile archaeon Sulfolobus acidocaldarius has lower yields (Hatzinikolaou et al. 2001) and inexplicably lower mutation rates (by a half) than in E. coli (Grogan et al. 2001) . Interestingly, Valentine (2007) has pointed to the low rates of evolution in the Archaea and suggested that this is related to energy stress.
Caveats and ambitions
These are tentative but testable suggestions about the mechanism by which free energy affects microbial diversity. Nevertheless, the phenomenological association between free energy and diversity is compelling and a consideration of free energy has proven invaluable and insightful in predicting (Strous et al. 1999) and explaining (Costa et al. 2006 ) the existence of certain functional groups. It seems likely that if, and when, we get a proper understanding of microbial diversity, we will find that the underlying mechanism, evolution, is controlled and constrained by free energy. This understanding will be an important step forward in understanding and even predicting the characteristics of microbial ecosystems from first principles. Fulfilling this aspiration would fulfil Wilson's desire for consilience, it need not stop there. For a detailed consideration of the relationship between free energy, kinetic parameters and evolution could reveal relationships between the two that might lead to a calibrated and predictive understanding of resource use in microbial ecosystems without the necessity of characterizing every single species. This in turn might open the door to usable niche-based models. This would be invaluable at every level of human endeavour from the humblest sewage works in a slum to the modelling of the whole Earth system. Both systems are hanging by a thread of a few select microbial species (Curtis 2006) . Thus, Wilson's ideals (Wilson 1998) are not merely erudite and idealistic but deeply practical. This search for simple parameterised consilient models may prove to be quixotic. But given the importance of a predictive understanding of microbial ecosystems and the pace of change in climate and society and the central role of microbes to a sustainable future for humans, and indeed all life on the planet, it is a quest worth undertaking. For it is better to seek this grail and fail, and know that you have failed, than to give the illusion of progress with mathematical castles in the air.
